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Abstract. The purpose of this study is to analyze lime series of daily and monthly values for Lhe
Tokyo Stock Price Index (TOPIX) and stock pricc values for 15 companies listed on the Tokyo Stock
Exchange, Section I (TSE-I), to determine the contribution of permanent and temporary components
10 Japanese stock prices. The existence of temporary components in the pricc series would imply that
Japancsc stock returns arc partially predictable. The method of canonical correlation is used to
determine components common to cach series and the persistence of each component series is evaluated
by estimating the amount of dependence in the series. The results suggest that Japancsc stock priccs
contain a small temporary component. The fractionally integrated ARIMA (ARFIMA) tnodel is used
to characterize both the component series and an estimate of the temporary component for each original
price series. The contribution of the temporary component to the total variation or the price series
estimated. We find that, in general, the tcmporary component accounts for less than 8% of the variation
in the daily price scrics and trom 5% to ] ot vanation in the monthly prjcc series, indicating that there
may be a small amount of predictability in Japanese stock prices.
Key words: ARFIMA model, canonical correlation, Japanese stock prices, persistence, TOPIX.

1. Introduction
In the past dccadc, wc havc scen evidence of the relationship between Japanese
stock returns and real economic activity in Japan (Cheung, He, and Ng, 1994).
Whereas industrialized nations grew at an annual rate of 3.1% on average in the
198(Ys, Japan's economy grew more than twice as quickly as the world average.
Japan, together with other industrialized Pacific-Basin nations, encompasses a
region that will parallel the European Economic Community in growth in the future.
Steady growth of the Japanese economy and capital markets and the long term trend
in the appreciation of the Yen over the U.S. dollar has enabled the Tokyo Stock
Exchange (TSE) to emerge as the World's largest stock market in terms of aggregate
market capitalization. With these events, a large amount of research into the
dynamics of the market has begun to develop (Ziemba, Bailey and Hamao, 1 991 In
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particular, evidence indicates that these events have had significant effects on the
prices of Japanese securities.
Duc to thc importance of these economic dcvclopmcnts, nuuch interest has been
focused on studying the equity markets of Japan. Baily and Stulz (1990) studied the
time series behavior of stock returns on the Japanese equity markets, as well as those
of other Pacific-Basin nations. Volatility of these markets was found to be related
to a possible linkage of stock returns among Pacific-Basin nations. Lead-lag
relationships among these stock returns was explored by Ng, Chang, and Chou
(1991). The integration of the Japanese equity markets with other national markets
has been explored by Cho, Bun, and Senbet (1986), Harvey (1991), and Campbell
and Hamao (1992). Baily and Stulz (1990) studied the diversification benefits to
foreign investors for holding traded stocks. Finally, Chen, Jarrett, and Rhee (1995)
studied the impact of futures trading on market volatility in the Tokyo Stock
Exchange.
Although the Japanese equity markets have been studied in the above contexts,
therc has been little work investigating the long- and short-term time series
compone.llls Japanese equity prices and the predictability of these prices. In this
paper, we investioate the existence of systematic factors or components present in
Japanese stock prices that may have either permanent or temporary effects on the
level of prices. By Japanese stock prices, we refer to the stock price information of
the Japanese Stock Market Data Base prepared by the PACAP Research Center
(University of Rhode Island). The data base is collected from Daiwa Institute of
Research Ltd. of Japan, which provides raw data on stock prices.
l . PREVIOUS RESEARCH ON PREDICTABILITY OF JAPANESE STOCK PRICES

Previous studies have suggested that some predictability is present in Japanese stock
prices. By predictability, we refer to the notion that knowledge of previous stock
prices can be in helpful in making predictions of future stock price values which are
more accurate than predictions obtained from a random walk model. Results of Kato
(1990a) indicate that there are weekly patterns in Japanese stock returns. Low
Tuesday and high Wednesday returns were observed, and a Monday effect was
observed in weeks following a week having no trading on Friday. Furthermore, low
Tuesday returns appeared to be related to low Monday returns. A second study by
Kato (1990b) found considerable evidence for calendar anomalies on the TSE. He
snggested various successful strategies for the holding and selling of' _lapanese
stocks. French and Poterba (1991 ) looked at whether market fundamentals could
explain the 1 984-1989 increase and decline in Japanese equity values and
priceearnings ratios. Thcy concluded that accounting differcnccs account for
roughly half of the long-run differences between United States and Japanese pricecarnings ratios. However, accounting differences alone do not explain the rapid rise
in this ratio in 1986 nor its subsequent decline in 199(), Another study of price-
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earnings ratios and equity market capitalizations of Japanese firms indicated a
different set of explanations for the rapid rise in these ratios (Constand et al., 1991).
These explanations include changes in the firm characteristics, such as ownership
structure, rates of growth in earnings, risk, the use of special reserves, and the
market value of hidden asset investments. The study suggests a link between these
factors and the size and direction of price-earnings ratios. In another study, Brenner
and Subrahmanyam (1989) found indications of a relationship between prices of
Japanese stocks listed on the TSE as reflected in the Nikkei Stock Average (NSA)
stock index and the prices of the NSA futures contract traded on the Singapore
International Monetary Exchange (SIMEX). The deviations of actual from
theoretically determined prices during the two years of trading studied seemed to be
large, and usually in one direction. Specifically, the actual futures prices were lower
than the theoretical price. Furthermore, these deviations could not be explained by
transactions costs. They argued that a secular decline occured in the mispricing
caused by institutional changes in thc markets. Finally, Hardouvelis and Pcristiani
(1992) found that an increase in margin requirements on the TSE is followed by a
growth in stock prices among other factors that change.
All of the above studies indicate the need for studying the price of Japanese
stocks in more detail, It is only through a statistical investigation of the time series
properties of these stocks that we can ascertain whether there is some predictability
in the pricing of TSE stock. In particular, is there a slowly decaying temporary
component in the stock prices which can be identified and used to make accurate
long-range predictions of stock price values?

COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES

I .2.

SERIES PROPERTIES OF STOCK PR[CES

The search for slowly decaying temporary components in stock prices has received
a great deal of attention in recent years. The existence of a such a component would
indicate that stock returns are, m part, predictable, although it would not necessarily
contradict the efficient market hypothesis (Poterba and Summers, 1988). Early
studies of stock returns looked directly at the autocorrelation estimates of shortterm
(daily or weekly) returns and concluded that autocorrelation in returns does not
difTer significantly from zero, supporting the efficient market hypothesis. (See
Fama, 1970. for a summary of this work However. Fama and French ( 1988) argued
that large negative correlations in long-horizon returns (3 to 5 years) indicate the
presence of a predictable component in prices. They found evidence of predictable
variation of up to '10% in long-horizon returns for firms listed on the New York
Stock Exchange. A more recent study by Richardson (1993) contradicts these results,
suggesting that Fama and French 's results do not provide sufficient evidence against
the [lull hypothesis that PI ices obey a Idlid01n walk. On thc othcr hand, Granger
(1 992), in a general study concerning the predictability of stock returns, argues that
plenty of optimism exists in accurately predicting stock returns, since forecasters
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are no longer simply usmg easily available data or relying solely on univariate or
simple transfer function forecasting models available in standard software systems.
Stock market research is more ambitious and wide ranging today, due to its potential
profitability and the ever increasing availability of more sophisticated models and
methods for analyzing time series data. Such arguments indicate the need for
fUrther study of the predictability of stock prices.
In this study, we examine common components of prices for the Tokyo Stock
Price Index (TOPIX) series and 15 Japanese companies randomly selected from the
TSE-I to determine if Japanese stock prices contain predictable components. The
analysis differs from that of Fama and French (1988) in that we examine linearly
independent components of the price series versus studying the price series directly.
The rationale is that a large random-walk component in the price series could
dominate any possible. predictable component, making it very difficult to determine
the contribution of the predictable component to the total variation of the price series.
The statistical technique of canonical correlation analysis for multivariate time series
(see, for example, Tiao and Tsay, 1989) is uscd Lo deterrnine linearly independent
components common to each of the price series. The component series are ordered
according to their persistence, as measured by their lag- I sample autocorrelation.
Then each component series IS modeled directly to determine whether the etTect of
a unit shock has a temporary or a permanent effect, and to determine the persistence
of the temporary effect. Since each price series can be written as a linear combination
of the component series, analyzing the component series provides information about
the price series. We estimate the amount of predictability in the price series by
investigating the percentage ot total variation in the prices accounted for by any
temporary components. The use of canonical correlation analysis to directly analyze
separate components of stock prices was introduced by Tsay ( 1 990) in a study of
the monthly prices of the decile portfolios of stocks listed on the NYSE. Tsay f0L1nd
evidence of both permanent and temporary components in the price series, although
the amount of predictability was smaller than that cstimated by Fama and French
(1988).
In addition, we look for the existence of a component having a slowly decaying
correlation structure called long-range dependence (Mandelbrot, 1963). Longrange
dependence in stock returns was first studied by Greene and Fielitz (1977). Using
the Rescaled Adjusted Range (WS) statistic developed by Hurst (1951), they
identified a significant number of cases in which long-range dependence was
evident in daily stock returns. Criticisms of their studies have focused on the lack of
knowledge about the distribution of the WS statistic and its ability to discriminate
between long-range dependent processes and autoregressive processes of order
greatcr than one (Aydogan and Booth, 1988; Davies and Harte, 1987; Lo, 1 992)
Crato (1993) characterized the amount of long-range dependence in international
stock indexes of the G-7 countries over the last forty years by estiknating the
differencing parameter of the ARFIMA model for univariate series. His results
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contradict the results of earlier studies based on the R/S statistic that claimed the
existence of long-Inemory in financial Ictuvns. Wilti respect to stock market returns
of Pacific-Basin nations, Ouliaris and Phoon (1992) could not find long-memory
components in ten of eleven stock market indexes using a modified rescaled range
or "WS" statistic due to Lo (1992).
By transforming the price series to obtain linearly independent components, we
identify any possible long- range dependent components directly and model them
using the fractionally integrated ARIMA (ARFIMA) (p, d, q) model of Granger and
Joyeux (198()) and Hosking (1 981). The order of differencing, d, in the ARFIMA
mode] may take non-integer values and characterizes the amount of long-range
dependence in the series. We call an ARFIMA process with significant drift term
and d > I a super-persistent component. An ARFIMA process having d I and no
significant drift is termed persistent. A shock to a super-persistent or persistent
proccss affects a permanent changc on the lcvcl of tllö l)locess. An ARFIMA
process having d < I and stationary ARMA components is called a temporary
component.
The remainder of this paper is organized as follows. In Section 2 we describe the
correlation trånsformation used to ordey the component series and describe in more
detail the ARFIMA model. In Section 3 we apply the transformation to the TOPIX
series and a set of daily and monthly stock price series for 15 Japanese firms listed
on the TSE-I. We then report the empirical results of modeling the component series
and the estimated temporary components. The temporary components are used to
estimate the percentage of variation in each price series which is predictable. The
results show that Japanese stock prices contain a small amount of predictable
variation. Section '1 summarizes our results and gives directions for future research.
COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES

2. Identifying Common Components in Stock Prices
Stock prices for companies in a particular country are often driven by common
economic forces, which may result in overall parallel movements over time. As an
example, Figure I depicts the natural logarithm of monthly price series for three of
the Japanese companies used in our study. Each series was selected from stocks
grouped according to their mean rate of change in price during the observed period.
from highest to lowest. The clearly shows similar stock price movements for each
of the 3 companies, although at different price levels.
The existence of common factors does not override the effect of firm-specific
factors in the movement of the prices, however it does allow us to combine
infornution across the price series in order to estimate common components. This
idea has its statistical basis in thc method of canonical correlation analysis.
2. 1 . THE MULTIVARIATE TIME SERIES MODF.I
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In multivariate time series analysis, canonical correlation analysis has been used to
identify series that are linearly independent so that a parsimonious model for the
data can be selected (Tiao and Tsay, 1989). We use the method of canonical
correlation analysis to identify independent components common to each price
seve,R_ The eigenvectors associated with the eigenvalue.s of the matrix of squared
canonical correlations are used to transform the original price series into series
MONTHLY STOCK PRICES FOR THREE JAPANESE COMPANIES

Figure 1. Logarithm of monthly stock price series for three companies listed on the Tokyo Stock
Exchange-I.

which are ordered according to their lag-I sample autocorrelation. The technique is
outlined in Appendix 1 .
Let Xt t, . . . , denote a k-dimensional vector of time series, for t
n. As
a result of the transformation, can be written as

..

k

COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES
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(l)
where uhJ dcnotcs thc (i, j) clcmcnt of thc matrix whose eigcnvalucs are the squared
sample canonical correlations between Xt and xt_l (matrix A(O, 0. 0) defined in
Appendix 1 and denotes the transformed (component) series. Thus, if the first few
yt series are permanent and the remaining series are temporary, Xt is a linear
combination of permanent and temporary components. Decomposing the price
series in this manner enables us to directly measure the amount of persistence in
each component series.
We use ARIMA modeling techniques to identify and model each of the
transformed series, yj,t, as an ARFIMA (p, d, q) process. The series follows an
ARFIMA (p, d, q) model if
(2)
where is a white noise process and B denotes the backshift operator. The
polynomials +(B) and O(B) are of order p and q, respectively, in B. For nonis
defined in terms of the binomial expansion as
(—B) k . The series is stationary and invertible if
all the
zeros of 4(B) and 9(B) lie outside the unit circle and —l / 2 < d 1/2. When d < 1/2,
the lag-k autocorrelation function, -y(k), of the ARFIMA process decays at thc rate
l
), that is, hyperbolically, as opposed to geometrically for a standard ARIMA (p, 0,
q) process. When d > 0, the series is said to have long memory. Thus we may have
a series which is stationary, but more "persistent" than, for example, an AR(I) model
with 0.95. When d 1 and p = q = O, the model reduces to the random walk model.
When 1/2 < d < l, the series is covariance nonstationary, but is still considered a
temporary component in the sense that it is mean-reverting. Its cumulative impulse
response, C(l) = Ei=o q/" , where are the coefficients in the moving-average
representation of the process, converges for d < l . Thus the effect of a shock is not
permanent, but dies out very slowly (Cheung, 1993). Using the ARFIMA (p, d, q)
model for the component series allows us to model a "smooth" transition from a
permanent to temporary components, as opposed to restricting our models to have
either d I or d = 0.
2.2. ESTIMATION OF THE ARFIMA (p, d, q) MODEL

To determine the persistence of the component series, we e.stimate a full ARFIMA
model for each series and look at the estimated d value.
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We estimate all the parameters of the ARFIMA (p, d, q) model using an
approxiIllate conditional Inaximulll likelihood mcthod in the time domain. Li and
McLcod (1986) argue that the estimators obtained using this method are consistent
and asymptotically normal. The estimates from the conditional maximum likelihood
rnethod are obtained using the algorithm given in Appendix 2.
2.3. ESTIMATING AND MODELING THE TEMPORARY COMPONENTS

Once we have determined the number I of permanent components of yt using our
estimates of the parameters of the ARFIMA (p, d, q) process, we assess the amount
of predictable variation in each through a regression analysis of on the first I of the
component series. We consider
.T,i.t, —

(3)

Using 01dinary least-squares Inelhods, we estimate the coefficients 00, . . . , and
compute
S

i,t —

k.

(4)

We use as an estimate of the temporary component of Cid. We then model each
temporary component directly. The temporary components may have long- range
dependence (with d < l), thus we again use the ARFIMA (p, d, q) model for the
Lemporary components,
Wc also compute the R2 value of the regression
k.

(5)

This value measures the proportionate amount of variation in each price series that
can be "explained" by the temporary coinponent.

3. Empirical Results
3.1. TIME SERIES UNDER STUDY

In thiq study, we. use hoth daily and monthly price data for the stocks of 15 firms
listed on the first section of the Tokyo Stock Exchange. These companies were
randomly selected from the Japanese PACAP database at the University of Rhode
Island. The daily data covcrs the time period May, 1987 to Dece.111bCl, 1989 alld
includes between five and six days of data each week. The monthly data covers the
period January, 1 975 to December, 1989. These time frames represent all data
available on the PACAP database when this study was initiated. Companies listed
in the first section must meet particular standards in terms of outstanding shares,
trading volumes, and minimum dividend payments. As of Dec. 1992, there were 1
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223 firms listed in the first section, with a total market capitalization of 289,483
billion yen. The trading volume was 66,4()8 million shares.
We also study the value-weighted TOPIX series, which is a composite of all
common stocks listed on the first section of the TSE and tends to summarize the
behaviour of large stocks. Since the TOPIX series does not include dividend
informatinm we do not include dividends considerations in computing returns for
the selected companies. Furthermore, Hamao (1989) found that dividends are less
significant in Japan than in the U.S. Each daily price series has length 707, while
cach monthly scrics has length 1 80,
It is known that firm size (as well as other variables, such as industry) affects
returns behavior (see, for example, Banz, 1981). Based on the beliefs that stock
price is highly related to firm size and price changes may be attected by the level of
prices, we chose 1 5 stocks for analysis by randomly selecting 5 stocks from each
of 3 groups of stocks. The 3 groups were obtained by randomly selecting 1()0 stocks
from the PACAP database and ranking these based on their mean rate of change in

COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES

I. Summary Statistics for Returns* (%); Selected Companies and TOPIX
Daily
Co tnpany

Monthly

Rtdev

Mean

(I) Tayio Fishery

0.04

1.12

1.28

(2) Dai Nippon Toryo
(3) Hitachi Condenser

0.1 1
0.17

2.12
2.94

1.20
0.70

(4) Shinwa Kaiun.

0.18

2.27

1.39

(5) Kamigumi

0.24

2.91

(6) Koa Oil

2.'24

1.07

Sldev

8.17

7.43

(7) Toshiba Ceramics

0.1 1

2.35

0.96

(8) Kurimoto Iron
(9) Nihon Matai

0.04

2.27
1.97

1.02

10.24
9.31

2.13

0.85

10.92

(1()) Joban Kosan
(l l) Kaken Pharm.

0.13

2.6]

I .28

( Sagami Rubber industues

0.06

2.58

1.43

(13) Sony
(14) Orix Corporation

0.02

2.28
1.98

0.62

10.42
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(15) Nippon Kan. Kaku. sec.

0.09

2.33

9.01

-0.06
1.42
6.48
* Returns arc defined as the first difference or the series of natural logarithms of the closing
price at each time period.

price during the observed period. We use the natural logarithm of the closing price
at each time period as the price series value. Amihud and Mendelson (1991) show
that Lhe val iance of closing returns is lowcr than that of opening returns for the
TSE due to the structure of the Japanese trading day. Table I lists descriptive
statistics, such as the average and standard deviation of the returns, for each price
series used in our study. 'I'he returns are defined as the first difference of the
logarithrn of tllC closing price at each time period. For the daily series, the average
return for each individual company in our study is greater than zero, whereas the
average return for the TOPIX series is less than zero (—0.06). The standard
devaitions of the daily returns range from a low of I .12 to a high of 2.94, a relatively
narrow range. For the monthly series. the average returns range from ().62 to 1.43.
The average return for the monthly TOPIX series is positive (l .42). The standard
deviations of the monthly returns are higher than those for the daily series, varying
from 3.80 to 14.37, but display properties similar to those of the daily returns when
the ratio Of the standard deviation to the mean monthly return is considered.
3.2. ESTIMATED d VALUES FOR THE JAPANESE sTOCK PRICE SERIES

We fit a total of 16 ARFIMA (p, d, q) models to each component series, allowing
both p and q to range from 0 to 3. Several of the component series have an initial
estimate of d > .5, thus we fit the ARFIMA Inodels to Ille first difference of each
component series in order that the estimated d I will fall in the range d < 1/2, that is,
we want to work with stationary series. The order of the initial ARFIMA model is
chosen using both the SC and AIC model selection critena (Hosking, 1984; Sowell,
1992). When the SC and the AIC select different models, we use the more
parsimonious model, provided the Portmanteau statistic, Q(25), based on the first
25 squared sample autocorrelations of the residuals from each fitted series, is such
that we cannot reject the model as inappropriate (Box and Pierce, 197()). We
checked each model for canceling (or near canceling) factors in the AR and MA
polynomials and chose another model for the series (based on the above criteria) if
such canceling occurred. Canceling factors sometimes occurred for those models
containing atot of parameters, such as the ARFIMA (3, d, 3) model.
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Tables 2 and 3 give the parameter estimates for the "best" model for each series,
based on the above selection criteria. The standard errors of the estimates are given
in parentheses. The tast column shows the values of the Portmanteau statistics.
We see that models for both the monthly and daily component series confirm the
ordering in persistence. The first component of the transformed monthly series
appears to be superpersistent; it has a very small amount of long-range dependence
in the first-differenced series, i.e., it is more than a random walk with drift. The
second and third series also appear to be slightly more persistent than a random walk.
Series 5, 6, and 7 are modeled as random walks. There. is clear shift between the
models for Series and Series 8—16. Component series 8 through are ah] modeled
as stationary series, with estimated d values which are very small (not significantly
diffcrcnt from zcro for Scrics 8 and 9). Models 14 and 16 have Q(25) statistics which
are significant at the 5% level. Because we are looking at 16 series, we would expect
to see approximately one rejection. The additional rejections may be attributable to
our failure to include any seasonal components in the model, which are almost
certain to play a role in both monthly and daily stock data (see Kato, 1990). The
least persistent component has only a very small autoregressive term and small
moving average terms. We note that some parameter estimates •are not greater in
magnitude than their two standard errors, even though the model was selected as
"best".
Looking at the models for the daily component series, the first 2 series appear to
be superpersistent, while Series 3—8 differ little from a random-walk. Series 9
appears to be slightly less persistent than the random-walk, with an estimated d
value of 0.895. There is a clear shift between the long-run properties of the series
implied by the models for Series 1—9 and Series 10—16. Series 10 through 16 are
all rnode\cd as stationary series with very small values of d.

COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES

3.3. ESTIMATION OF THE TEMPORARY COMPONENT IN THE PRICE SERIES

Because of the ordering induced by the canonical correlation, we cannot use
standavd I-tests to assess the significance of pal csLilnaLcs fur the 1110dcls or the
component series. However, for the monthly series, because of such a clear
distinction between models for the first 7 series and the remaining 9 series, we
choose to estimate a temporary component ot monthly prices assuming that only
the first 7 component series are permanent. For the daily series, we assume that
the first 9 components are permanent. We use the regression analysis described
in Section 2.3 to estimate a temporary component of Xi,t. Tables 4 and 5 show the
"best" estimated model for each temporary component as selected from the set
of ARFIMA (p, d. q) models with P = O, , . , 3 and q = 0, , , 3, with the models
selected as discussed in the previous subsection. The last column in each table
gives the R? value of the regression of
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=%

+ • • • -F

+ Ei,t ' t

16,

(6)

where I 7 for the monthly series and I 9 for the daily series.
With the exception of Series 2, 7, 8 and 9, as well as the TOPIX series, the
temporary components of the monthly price series follow an AR( l) model with
coefficient ranging from 0.68 to ().88. Any other estimated model parameters,
including the estimated d value, are not significantly different from zero. These
results are consistent with those of Tsay (1990) for the rnonthly U.S. decile
portfolios. However the AR(I) coefficient is not as close to I for the temporary
components of the Japanese price series as for the U.S. price series, indicating
that the temporary component is larger than that suggested for the U.S. price
series. This may be due to the fact that for data from the early period of our study,
Japanese equity markets were less liberalized. The temporary component for
Company 9 is "best" modeled as an MA(3) process, however, none of the ARFIMA
(p, d, q) models tried provided a very good fit, as evidenced by the large
Portmanteau statistic for this series. The temporary component of the TOPIX
series has both AR and MA components, indicating that it has a more complex
structure than the individual series.
Based on the R? values, we see that the temporary components contribute
between 2.4% and 16.2% in explaining the variability of the monthly stock prices
for the individual companies, with an average contribution of 8.1 %. These figures
may be somewhat inflated, however, if the number of permanent components is
really greater than 7. There does not appear to be any correspondence between
the contribution of the temporary component to variability and the groupings of
the coinpanies by mean level of returns. Hamao (1989) found that high-return
stocks on the TSE- 1 exhibit significant positive one-month correlation. The
monthly TOPIX series has a large temporary component, however the
contribution of the temporary component in explaining the variability of the
series is minimal (1.9%). This is in

COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES
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Err

agreement with the findings of Poterba and Summers (1988), which suggest that
market indices have large temporary components relative to individual stocks. They
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argue that it is easier for arbitragers to correct persistent mispricing by trading in
individual securities than by taking positions in the entire market.
Looking at the temporary components of the daily series, again we see that with
the, exception of series 4 and 5, the temporary components follow an AR(I ) model
in most cases, with other estimated parameters not significantly different from (),
based on estimated two standard deviation bounds. The estimated AR(I) coefficients
are closer to one than for the monthly series, indicating smaller temporary
components, and the temporary components contribute much less to the variability
of the daily stock prices. These results corroborate the generally accepted hypothesis
that daily stock prices contain more noise and are less predictable. Collipauics 8, 12,
and 13 appear to be anomalies to this rule, with the temporary component
contributing as Inuch as 24% to the variability of the price series for Company 8.
To investigate such a large amount of variation due to the temporary component,
we would need to have more information about other factors affecting the company
during the period. For example, one factor that may contribute to a large temporary
component is infrequent trading of a companies stock. This may be more of a
problem for daily data than for monthly data.
We. remark that the best model for the temporary components of Series I and 16
both have d values larger than 1/2, implying a nonstationary, although temporary,
component. The temporary component contributes little to the variability of the
price scrics in cither case.
COMPONENTS IN DAILY AND MONTHLY JAPANESE STOCK PRICES

4. (_".nnc_111Rions

We have used a correlation transformation to directly study the properties of
monthly and daily stock prices for several Japanese companies. Although the time
frame analyzed in this paper extended only through the end of the 1 98()'s, the
techniques used are quite general and may be applied to other, more recent, time
periods as data becomes available. The results for the suggest that Japanese stock
prices may contain large temporary components. However, for daily stock prices,
the contribution of the temporary component to total variation is minimal in most
cases.
()ne question that arises is whether we can use the models of the component
series to obtain better forecasts than those provided by a random walk model. The
estimated ARFIMA (p, d. q) model characterizes the long and short run dynamics
of the component series and can be used to forecast values of the component series,
which are then aggregated using the relation given in Equation (l ) to obtain
forecasts for the original price series. The issue of forecasting using component
series is a Inatter for future research, although the percentage improvement in
forecast error over the random walk model would, at most, be equal to the
contribution of the temporary component to total variation. Another issue that
merits further
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investigation is whether the log price series are linear. Nonlinearities in the price
series would carry over to the transformed series, in which case the ARFn„'1A
analysis presented here may not hold.
One might also ask how a super-persistent component based on slowly decaying
serial correlation in the returns series might arise. Since movement of stock prices
are related to other fundamentals, such as output, consumption, and money supply,
evidence of persistence in these series may carry over to a stock price movements.
Studies of such macroeconomic series for the U.S. indicate that some long- term
dependence. may exist (see, for example, Diebold and Rude.busc.h, 1989;
PorterHudak, 1990). Examination of persistence in other macroeconomic series for
Japan is a matter for future research. Evidence of persistence in other series would
corroboratc our optimism that thcrc is long-range prcdictability in Japancsc stock
prices.

Appendix I
j
Let Xt l,t, . . . , denote a k-dimensional vector of time series, for t, —
n and
let Y denote (x; , x; n)'. For h > no, > 0 and j > 0, the squared sample canonical
correlations between Y and Y are the eigenvalues of

(7)
where the summations are over t from h + j + 2 to n and Y' denotes the transpose of
Y. Let = h — — 0. Then A (O, O, O) is a k x k dimensional matrix and the
eigenvalues of A(O, 0, 0) are the squared sample canonical correlations between Xt
and xt_l . As such, they have values between 0 and l .
LeL U denote the matrix of normalized right eigenvectors associated with the
ordered (from largest to smallest) eigenvalues of A(O, 0, 0). Then we define the
transformed series by
(8)
The k transformed series Yi,t, i = 1 , . . . , k are now arranged in order of persistence
as measured by their lag-I sample autocorrelation, since the eigenvalues of A are
the squares of the lag-I smaple autocorrelations of the transformed series.

Appendix 2
We usc a finite approximation to the intinite expansion of the autoregressive
operator obtained from the relation W (B)
—B) d = E Vi(d, 41, . . . , B to
approximate the autoregressive component of the ARFIMA (p, d, q) model. If we

256

BONNIE RAY ET AL.

truncate the expansion at T, the difference in the exact and approximate models can
be madc negligible for larger T. The conditional maximum likelihood estimates are
obtained by maximizing the approximate log likelihood function L — l where is
the vector of parameters — (d, 41, , Wp
and S(Ä) (17, i.e., we minimize the
sum of squared residuals at, where

(9)
Presample values for Tt and are obtained by backcasting. Estimates obtained in this
manner are consistent and asymptotically normal, with variance-covariance unatrix
equal to the usual Fisher information matrix (Li and McLeod, 1986).
Wc use the nonlinear optimization algorithm of Marquardt (see, e.g. Bard, 1974,
Chapters 6.5—6.8 and 7.7) as implemented in the statistical software package A
Graphical Statistical System (AGSS), for the estimation. The starting value for d is
obtained using the log periodogram regression method ol' estirnaLing d (Geweke
and Porter-Hudak, 1983) Starting values for the ARMA parameters are set to ().01 .
(An alternative method of obtaining starting values for the ARMA parameters is to
first "difference" the series using the initial d estimate and then use standard BoxJenkins model identification and estimation techniques to select the order of the
ARMA components and compute initial estimates.) For the monthly series, we let
T 150. For the daily series, T 500. All computations were done on an IBMcompatible 486DX/50 PC.
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